The media influence our perception of reality and, since we act on those perceptions, reality is in turn affected by the media. News is a rich source of information, but, in addition, the sentiment (i.e., the tone of financial news) tells us how others perceive the financial system and how that perception changes. In this paper we propose a new indicator of the systemic risk in the global financial system. We call it SenSR : Sentiment-based Systemic Risk indicator. This measure is constructed by dynamically aggregating the sentiment in news about systemically important financial institutions (SIFIs). We test the SenSR for its ability to indicate or even forecast systemic stress in the financial system. We compare its performance to other well-known systemic risk indicators, as well as with macroeconomic fundamentals. We find that SenSR anticipates other systemic risk measures such as SRISK or VIX in signaling stressed times. In particular, it leads other systemic risk measures and macroeconomic indicators by as long as 12 weeks.
Introduction
Since the latest financial crisis, the issue of systemic risk has captured the attention of academics, regulators and other finance practitioners. Many sources and measures of systemic risk have been suggested and investigated (for a good review on this topic see, e.g., Benoit, Colliard, Hurlin, and Perignon (2015) ). One strand of research investigates (by means of e.g., network analysis) how systemic risk arises from decisions of a particular financial institution, how risk spreads to other institutions and how it produces high volatility and losses for the whole financial system. Other studies use these results to construct market-wide measures of systemic risk, the most famous example being SRISK, introduced by V-LAB (Engle and Brownlees (2015) ). SRISK is computed (per company, country, continent or worldwide) as the expected capital shortfall conditional on a market decline of 10%. It can be interpreted as the amount of capital required from regulators to save a company or a region in case of systemic crash event. Engle and Brownlees (2015) show that SRISK provides an early warning signal for regulators, identifying Morgan Stanley, Bear Stearns and Lehman Brothers as top contributors to systemic risk pre-crisis, establishing SRISK as a useful predictor variable for declines in macroeconomic indicators (such as industrial production and the unemployment rate), particularly for longer horizons (9-12 months).
In this paper, we look at the systemic risk from the media sentiment standpoint. The influence of media on our perception of reality (and hence, on the reality itself) cannot be underestimated. The tone of news, or its sentiment, is often just as important as the actual information conveyed by the news. When we characterize elusive concepts such as "the state of the economy" or "the health of the financial system", we should realize that the socio-economic reality is the result of human behaviour and interactions.
Based on the available information and our opinions, we form our own perception of the reality whereupon we act. In this way the loop is closed and the reality is driven by our perception of it. Our perception of the reality is strongly influenced by the media: the availability of information is related to the media attention, and the media bias about a certain topic strongly influences our opinion. As a result, the news and the media not only can change our perception of the reality -it can change reality itself. A great example of this is the UK referendum about leaving the EU, where not truthful objective information but "News Value" driven ( hysterical) and often biased media had a great influence on many voters, resulting in a momentous change of the reality for the UK and the rest of the world.
Similarly, when news and media are overwhelmed by a negative sentiment about the 2 financial system, i.e., when the general feeling is that the financial system is not stable, agents in the financial markets act in ways that increases volatility (for example, by trading, or withdrawing bank deposits) and as a result can destabilize the financial system. Our systemic risk indicator -which we call SenSR (for Sentiment-based Systemic Risk)
-is based on the aggregated sentiment in news about major players in the global financial system: the so-called Systemically Important Financial Institutions (SIFIs). These institutions have the capacity to single-handedly destabilize the financial system, due to their exceptional size and central role. So the health of the financial system as a whole is largely determined by how "healthy" these institutions are (or at least whether we perceive them as being stable and healthy). Many measures of systemic risk are based on "hard", i.e., quantifiable measures of these institutions' financial health, such as their leverage, creditworthiness, capitalization or amount of money they can lose in case of a market crash. We will look at them from another perspective, i.e., whether these institutions are perceived as "healthy" or "solid" by the media and, hence, by most of the players in the financial markets (and the public as a whole). We will quantify this perception by the sentiment (i.e., the tone) of news about them.
Previously, there have been only a few attempts to study the relationship between sentiment and proposed risk indicators. For example, Barone-Adesi, Mancini, and Shefrin (2012) use a behavioral version of pricing kernel theory for constructing optimism and overconfidence indices. Another example is the paper of Smales (2014) , who investigates relationships between a company's perceived credit risk, measured as Credit Default Swap (CDS) spread, and the sentiment in news articles relevant to that company. His analysis confirms the hypothesis that credit risk increases with negative news. Another finding there, relevant to our work, is that there are spillover effects from news about large systematically important banks to regional and global CDS spreads.
The news sentiment data used for SenSR is obtained from the Thomson Reuters News Analytics (TRNA) engine: an artificial intelligence engine which reads and interprets (in real time) all the news that hits the Reuters newswire. We consider all news items that are relevant for systemically important financial institutions (banks, but also large insurance companies, investment funds and asset managers). Individual companies' news sentiment scores are aggregated weekly, where we also take into account the relevance and novelty of the news items as well as their republications by different news publishers. Subsequently, company-specific weekly scores are again aggregated across all systemically important financial institutions and asset managers, to obtain the resulting indicator. This aggregation procedure gives rise to several variants of SenSR, obtained 3 by weighting the news sentiment scores by alternative bank-related measures: such as market value (i.e., the company's size), its total debt or leverage. We find that weighting the news sentiment by either debt or by leverage provides the strongest signal of systemic stress. The details of SenSR construction are given in the next section.
We observe a long period of high overall positive sentiment from 2003 to 2007. The picture starts to change in early 2007, with increasing trend in negative sentiment, which peaks in the first months of 2009. We also see increasing negative sentiment in 2011-2012, which corresponds to the European sovereign debt crisis. Our historical data period ends in the beginning of 2016; however, it would be extremely interesting to see the effect of the UK's referendum on leaving the EU (aka Brexit) on our indicator of systemic risk.
We expect to report this in the near future.
We conduct a number of tests on our systemic risk measure. First, we test for Granger causality between SenSR and other systemic risk indicators (such as LIBOR-OS spread, VIX and SRISK). We find that SenSR Granger-causes all these established risk measures at different time lags -up to 12 weeks. This means that SenSR tells us about the increased risk in the financial system up to 12 weeks before other systemic risk measures start to pick up on it.
We also investigate the relationships between SenSR, other risk measures and macroeconomic variables such as GDP, industrial production, unemployment rate, money supply and S&P 500 returns. We again test for causality and study the impulse response functions, to compare the predictive value of SenSR against other systemic risk measures.
Our tests show that a substantial increase in SenSR is followed by significant effects in macroeconomic data, and that these effects are much larger for SenSR than for other risk measures such as SRISK.
In all, we find that SenSR tells us something about the health of the financial system that other risk measures do not, and it does it with a significant time advantage. This shows that perception about systemic risk matters a great deal: the signals obtained from "soft" sources such as new and media sentiment add invaluable information to the traditional, "hard" measures of risk.
SenSR construction
Our systemic risk indicator is based on the sentiment in news about systemically important financial institutions (SIFI's). We identify systemically important banks and insurers, following the definition of the Board of Financial Stability 1 . Additionally, we identify 15 largest asset managers as also being systemically important. The complete list of the financial institutions we consider is in Appendix.
The news sentiment data is obtained from Thomson Reuters News Analytics (TRNA) database. TRNA uses sophisticated natural language processing algorithms to interpret (in real time) all news that hits the Reuters newswire, for its relevance to a large number of stocks (and commodities), novelty and, most importantly, sentiment.
The database's most important contents, available for each news item, (and the ones that we use for constructing SenSR) are:
• Relevance score: number between zero and one indicating how relevant is a news item for a particular company or commodity.
• News sentiment scores (positive, neutral or negative): also numbers between zero and one, that sum up to one. These scores can be interpreted as probabilities that the content of the news item is positive, neutral or negative for a particular company or commodity.
• Novelty score: is expressed as the number of news items with a similar content that appeared previously to the current news item. This measure is available for different time spans (12 hours, 24 hours, 3 days, 5 days, 1 week).
Furthermore, the database contains a wealth of other information, such as story time and date, headline, source, genre, links to other news items and so on.
For each of the financial institutions that we consider, we aggregate the news sentiment scores on a weekly basis. In the aggregation process, we weight the sentiment scores by the relevance score for that news item and assign higher weights to more novel news items.
As an illustration, Figure 1 depicts the aggregated weekly sentiment scores for HSBC Holdings plc, from 2003 to 2014, and shows that the weekly bank-specific sentiment is quite noisy. Therefore, we use a filtering procedure which extracts a meaningful signal from the noisy data.
We consider the news sentiment scores from TRNA as noisy observations of the actual but unobserved news sentiment. For both observed and unobserved sentiments, we postulate the so-called Local Level model, which is a particular form of a state space model. Denote the unobserved state as µ t and the observed signal as y t . Following 
The first equation is called the observation equation and the second one -the state equation, which describes the evolution of the true unobserved news sentiment, in our model assumed to be a random walk. Although the state µ t is not observed, the Kalman Filter, applied to the LNSL model, can deduce the actual states from the noisy observations.
In this filtering process, the unobserved state is updated each time a new observation comes.
The series of the Kalman-filtered sentiments for HSBC Holdings plc is shown in Figure   2 ), which is much less noisy than the figure above.
Our systemic risk indicator -SenSR -is constructed from these filtered news sentiment probabilities for all financial institutions in our sample. When working with TRNA sentiment scores, the so-called net sentiment is often used, which is the difference between 6 the positive and negative sentiment scores. Here we use a version of it, given by (for
where p pos,neu,neg are the Kalman-filtered sentiment probabilities.
Next, using some appropriate bank-related weights w i,t , we aggregate all companyspecific sentiment scores into one number, which is our systemic risk indicator:
where N is the number of financial institutions we consider.
Here we consider four different weighting schemes (and thus four versions of SenSR): the company's market capitalization, the net debt (total debt -common equity), the leverage ratio (total debt/total assets) and a combination of market capitalization and leverage ratio. All weights are relative, i.e., normalized to sum up to one. The historical series of SenSR for all four weighting schemes are shown in Figure 3 . 
Testing SenSR performance
We test how our systemic risk measure performs in comparison to other ones. For this analysis we focus on the SRISK, introduced by Engle and Brownlees (2015) , the Volatility Index for the S&P 500 -VIX -developed by Brenner and Galai (1989) and the LIBOR-OIS spread, which is the difference between the interbank borrowing rate (LIBOR) and Overnight Indexed Swap rate (OIS). All these measures have been used to assess the "health" of the financial system. Besides this graphical comparison, we also perform the so-called Granger causality Furthermore, we also analyze causal relationships between SenSR and macroeconomic measures such as stock market indices (S&P 500 and the Euro Stoxx 50), US and EU GDP, unemployment rate, industrial production and central banks' money supply (whose increase can be seen as a sign of instability in the financial system and economy as a whole). Finally, we use the so-called impulse response functions (IRF) to study the response of macro and risk measures to a large increase (impulse) in SenSR, in a multivariate framework.
Granger causality between SenSR, SRISK (world and US versions), VIX and Libor-OIS spread is tested in a bivariate setting, using weekly data. Table 5 shows the results for SenSR Lev (for the US). We observe a significant evidence for causality of this version of SenSR on the money supply and S&P500 at short lags; the EU case (not shown) has stronger causality relationships of SenSR with EU unemployment and, again, EU stock market at short lags.
A similar analysis for SRISK shows a significant evidence that it Granger causes S&P500 and Money Supply. The causality relation between SRISK and Money Supply is not a coincidence: recall that SRISK reflects the expected capital shortfall conditional on a systemic risk event.
We also tested for Granger causality of VIX and Libor-OIS spread on macro datafor brevity, we do not present the p-values, but only summarize our findings. As other researchers have documented earlier, VIX appears to Granger-cause S&P 500 and Euro Finally, we present the results on the impulse response functions of macroeconomic indicators to SenSR. Figure 6 shows the effects of a one standard deviation increase (impulse) in SenSR Debt on the macroeconomic data. the confidence intervals are obtained by the wild bootstrap method of Hafner and Herwartz (2009) , to account for possible (auto)correlations and heteroscedasticity.
We find a negative effect of GDP, which is significant after the second lag (i.e., second month). Furthermore, the effect of SenSR on the unemployment rate is positive and significant also after the second lag. The industrial production also responds negatively to a shock in SenSR, but is just slightly significant on the 5 % level after the third lag.
Money supply responses positive on SenSR, but results are not significant. The S&P 500 responses negatively and this response is highly significant from the second lag. We believe that the reason in this delayed response in all macro variables to the increase in SenSR (approximately two months) is the fact that the macroeconomic variables are published with at least one month delay, by which time the effect of systemic stress has already penetrated the economy.
We compare the impulse response functions on the same macro variables but for SRISK. The results can be seen in Figure 7 . Overall, the picture is similar to SenSR.
The response of the GDP on an impulse of SRISK is negative and in terms of significance comparable to SenSR. The unemployment rate rises following the shock in SRISK; in fact, this response is significant already in the second lag (whereas for SenSR it is significant from the third lag onward). The effect of SRISK on the industrial production is negative and highly significant already in the first lag. The effect on the money supply is positive, but not significant. In contrast to SenSR, the response of the S&P 500 is not significant -this is not surprising, as SenSR measures media sentiment which is directly related to stock market sentiment and, hence, stock prices. 
Concluding remarks
In this paper we studied systemic risk from the news sentiment standpoint. Using Thomson Reuters News Analytics (TRNA) and Kalman filtering of TRNA sentiment, we introduced a new sentiment-based systemic risk index SenSR, which is a weighted sentiment score of financial institutions that are considered systemically important (SIFIs).
With the help of vector autoregression (VAR) models, we analyzed the behavior of SenSR with respect to other systemic risk measures and macroeconomic indicators. We investigated the impulse response functions and possible Granger causality relations. We find strong evidence that SenSR contains significant new information about systemic risk, not contained in other systemic risk indicators. In the multivariate setting, we find that SenSR provides improved predictions of macroeconomic indicators several months ahead, even when other systemic measures are taken into account. In all, we find that SenSR proves an early warning signal of systemic distress, and that this information advantage extends to at least 12 weeks.
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